In this paper we adapt the demand and supply framework introduced by FiguerolaFerretti and Gonzalo (Journal of Econometrics 2010) to illustrate the dynamics of pairs trading. We underline the process by which a finite elasticity of demand for spread trading determines the speed of mean reversion and pairs trading profitability. A persistence-dependent trading trigger is introduced accordingly. Applied to STOXX Europe 600 traded equities our strategy exploits price leadership for portfolio replication purposes and delivers Sharpe ratios that outperform the benchmark rules used in the literature. Portfolio performance and mean reversion are enhanced after firm fundamental factor restrictions are imposed.
Introduction
Short-term price discrepancies are common across assets that are imperfectly integrated.
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Pairs trading strategies are designed to earn profits from relative mispricings of closely related assets. This paper exploits commonalities arising from cointegrated assets to model relative value arbitrage via pairs trading strategies. Pairs trading belongs to the family of convergence trade strategies. It relies on a well-known trading rule for cointegrated price series based on simultaneous long-short positions that are closed when prices revert to a long-run relationship. When an investor opens a position he shorts the out-performer and longs the under-performer, until the mispricing is eliminated. We extend the FiguerolaFerretti and Gonzalo (2010) (FFG thereafter) demand and supply framework to describe price dynamics in two distinct but cointegrated assets and show how market participants exploit temporary mispricings performing pairs trading strategies. The setup requires a finite elasticity of arbitrage services and cointegration error persistence. It evolves around the speed by which arbitrageurs restore equilibrium allowing measurement of price discovery for portfolio replication purposes and arbitrage profit determination. A market is regarded as dominant in this framework if it concentrates a larger number of participants. Cointegration therefore guarantees price convergence that is represented in terms of a stationary error correction term. A trading trigger is derived which is linked to the degree of persistence of the cointegration error so that higher stationarity requires a lower trading trigger.
This paper is related to Gatev et al. (2006) (GGR thereafter) , which examines the performance of pairs trading using daily U.S. stock return data. GGR perform pairs selection using the minimum distance algorithm. They find economically and statistically significant excess returns of around 11% per annum. Following GGR, Andrade et al. (2005) , Broussard and Vaihekoski (2012) and Bowen and Hutchinson (2014) apply the algorithm to Asian and European equity markets. A common drawback from these studies is that they essentially apply an ad hoc trading trigger. Vidyamurthy (2004) sheds light to this problem by searching for trading trigger optimality by maximizing a profit function under the assumption of Gaussian errors.
Another strand of the literature models the cointegration spread under dynamic settings. Elliott et al. (2005) and Avellaneda and Lee (2008) consider an Ornstain-Uhlenbeck process to model the cointegration error allowing spread estimation and setting the framework for determination of the threshold value. While Avellaneda and Lee (2008) empirically determine cutoff values based on the process assumed for the cointegration error, Elliott et al. (2005) link the trading trigger to the degree of mean reversion. This paper contributes to the literature by adapting the FFG model to paired equity prices to illustrate the process of cointegration error correction by means of an economically meaningful VECM. In doing this, we show that pairs trading profitability is dependent on the error speed of adjustment (or spread mean reversion) which is determined by the elasticity of demand for pairs trading strategies and the total number of market participants. We therefore demonstrate that lower error persistency leads to higher pairs trading profitability. We accordingly propose a trading trigger that is determined by the speed of convergence to the long-run stationary relationship arising from VECM estimates. Our model-based trading rule is therefore related to Elliott et al. (2005) in that the trading trigger is defined as a function of the speed of mean reversion. This is motivated from VECM dynamics as pairs trading profitability is directly dependent on cointegration error persistence which is determined by the speed of mean reversion. This is consistent with the results reported by Kanamura et al. (2010) where an empirical link between profitability and mean reversion is established for spread trading in the gas market.
The relationship between the speed of adjustment and the number of participants has been empirically addressed in the literature by Brennan et al. (1993) in an study relating the number of informed traders proxied number of analyst following a firm with the speed of adjustment to common shocks.
Our empirical application is based on an out-of-sample analysis and uses STOXX Europe 600 traded equities whose prices are quoted in the euro currency to identify cointegration relationships with a sample ranging from 2000 to 2017. Common factor and industry restrictions are imposed to illustrate the existence of long-run stationary relationships. This justifies the use of a model with equity shared fundamentals that drive prices to parity.
We analyze the profitability of pairs strategies at the portfolio level and compare their performance with benchmark pairs trading methodologies used in the literature. We use price leadership for portfolio replication purposes in an extensive out of sample estimation. We find that the proposed pairs strategies outperform the seminal strategy of Gatev et al. (2006) , as evidenced by significant abnormal returns and higher Sharpe ratios. The documented outperformance is enhanced once we control for common firm fundamentals as well as the industry effect.
The rest of the paper proceeds as follows. In Section 2 we relate the VECM dynamics to the construction of pairs trading strategies. This requires a description of preliminaries and main results of the FFG model applied to two distinct but cointegrated assets. Section 3 presents the data sample and empirical results on cointegration and price discovery. In section 4 we conduct the pairs trading performance analysis with a number of robustness tests developed to illustrate the outperformance of our model-based approach. Section 5 provides conclusions.
The theoretical model

Model set-up
The aim of this section is to introduce pairs trading strategies in a demand and supply framework. Paired firms in this context share common fundamentals and are linked via longrun stationary relationships generated by market forces. Accordingly, arbitrage takes place through pairs trading strategies that exploit mean reversion of pricing errors. Convergence takes place because paired assets measure a common underlying factor. The model is built on the presumption that price correction of two cointegrated assets departing from long-term stationary relationships depends on the average speed of convergence in each market. This determines the degree of persistence of the cointegration error and becomes an important factor for both the trading trigger and for profit determination.
In what follows we present the joint dynamics between two cointegrated assets within a demand and supply market clearing framework. Investors either take single asset positions or trade two assets that share common fundamentals simultaneously via the use of pairs trading strategies. Mean reversion of the cointegration spread is of critical importance to arbitrageurs who, will exploit short-lived deviations in search of profitability from pairs strategies. Under imperfect integration, there is a finite elasticity of demand for arbitrage services (H), 1 and relative prices may differ between markets for short intervals of time by more than transaction costs. The speed by which such price discrepancies are eliminated depends on the degree of persistence in the error term z t . The speed of mean reversion is determined by market imperfections that represent impediments to arbitrage such as liquidity or potential funding constraints.
2
We extend the FFG model to describe the mean reversion framework for imperfectly integrated markets allowing for persitency in the cointegrating error. Let y t and x t be the price of paired assets in time t, respectively. In order to find the non-arbitrage stationary condition, the following set of standard assumptions applies in this section:
1. No limitations on borrowing.
2.
No cost other than arbitrage transaction cost.
3.
No limitations on short-sale.
4. Arbitrage opportunities that generate a random price difference between paired assets are determined by the stationary process z t (also denoted as the price spread). These arise as a result of market imperfections that impede arbitrage opportunities between markets and lead to a finite elasticity of demand for pairs trading strategies (H > 0) and a stationary cointegration error. 5. The equity price series y t and x t are I(1), implying that their mean and auto-covariance are different for every realization of t.
By the above assumptions 1-5, there exists a long-run stationary relationship described by:
where γ 0 is the (constant) cash amount invested (or borrowed) to buy γ 1 units of asset x t (required to replicate prices of asset y t ). Therefore γ 1 is the hedge ratio as it reflects the size of position that has to be taken in the portfolio with asset x t to replicate the prices of asset y t . Equation (1), implies that y t and x t are cointegrated suggesting (imperfect) market integration. Pairs trading strategies are triggered when temporary mispricings arise from the long-run cointegration relationship. When the spread between y t and x t widens by an amount higher than a given threshold, there is a positive profit potential that can be exploited by an arbitrageur who shorts the winner and buys the loser. If the long and short components measure common fundamentals, the prices will mean revert to the longterm relationship providing positive average (and cumulative) profits. This framework is consistent with Brennan and Schwartz (1990) arguing that it is market imperfections that give rise to the arbitrage opportunity.
The model developed in Appendix A describes the dynamics of agents who trade single securities and agents who trade two cointegrated assets. Market imperfections are in this context translated into a finite elasticity of demand for pursuing pairs strategies. The demand schedule for each traded asset has two components: (a) the own asset demand and (b) the speculative demand based on the long-term relationship between the two traded assets.
Market clearing conditions are defined by equating aggregate market demand and aggregate supply schedules in a context where new information arrival is reflected in the difference between lagged market clearing prices and current bid prices. The resulting bivariate dynamics between y t and x t are represented by the following VECM:
where there are N y participants in the market for asset y t and N x participants in the market for asset x t and, as previously specified, the elasticity of demand for pursuing pairs strategies is noted by H.
The model therefore shows how demand and supply market clearing conditions lead to a meaningful VECM framework for pairs trading. The concept of reversion to the long-run relationship in this context is ideal to illustrate the pairs trading process. Note that pairs trading strategies require a finite elasticity of demand for pairs trading strategies (H). Higher market imperfections are translated into more persistent errors and lower (H). In the limit, when arbitrage opportunities are exploited instantaneously, there is an infinite elasticity of demand for pairs trading strategies (H → ∞). This leads to immediate price adjustments in the two cointegrated markets, implying that temporary mispricings disappear and z t = 0.
In this case the relationship (y t = γ 0 + γ 1 x t ) becomes an exact relationship. When (H = 0) y t and x t become independent I(1) processes there is no VECM model and profits from pairs trading become zero.
We rewrite the theoretical result in (2) as:
where u t is a vector white noise with i.i.d shocks.
4 If the VECM is to be well defined so that we can guarantee that "pairs strategies" can be applied, the following conditions need to be satisfied:
1. If α 1 and a 2 are both statistically significant, they must have opposite signs, as predicted by the theoretical result in (2). This implies that, if there a significant change in the cointegration error, so that for instance y t is greater than its replicating portfolio (γ 0 + γ 1 x t ) by a given threshold value (T V ), i.e. (z t > T V ), in order to restore the long-term relationship y t is required to fall in the next period while x t is expected to increase. In this case, α 1 will be negative,
pairs strategists will short y t (outperformer) and buy x t (underperformer) to exploit price divergences. This allows positive profits until temporary mispricing vanishes.
Conversely when (z t < −T V ) , asset x t is overpriced in t , which implies that α 2 will be negative
(−N y ) and α 1 will be positive
(N x ) to guarantee mean reversion of the error term. The determination of the T V is described in Section 2.2 below.
2. If z t > 0 and the asset y t was contributing significantly to price discovery, α 2 will be positive and statistically significant as the asset x t adjusts to incorporate new information. Similarly, if the market trading x t is an important venue for price discovery and liquidity then α 1 would be negative and statistically significant. If both coefficients are significant then both markets contribute to price discovery. The existence of cointegration means that at least one market has to restore the long-run relationship, indicating that the given market is under (over) priced and is short-term inefficient. Profits from pairs strategies can therefore be achieved. If the adjustment of both prices is immediate and independent of the cointegration error (α 1 = α 2 = 0), the elasticity of demand for pairs strategies is infinite (H → ∞), and there is no VECM, no price discovery, and no profit from pairs strategies. 3. In the VECM framework, the paired assets are modeled to converge to each other to restore the long term relationship. The coefficients α 1 and a 2 are the adjustment coefficients, and measure the speed of error correction. This is slow when the parameter is close to 0, and fast when it is close to 1. In terms of our theoretical framework, x t does not adjust to asset y t when N y = 0 and N x > 0. In this case α 1 = 1, α 2 = 0 and x t becomes a random walk. Asset x t is essentially the common factor or efficient price.
(The reverse is true when N x = 0 and N y > 0.).
4.
Pairs trading strategies require stationarity of the error term. The error correction mechanism links directly the adjustment speed of paired series to the cointegration error, which follows an autoregressive (mean-reverting) process specified as:
In this context, the sum of the absolute values of α 1 and α 2 determines the persistence of the cointegration error. In the limit, when α 1 = α 2 = 0, z t is I(1), there is no cointegration and it is not possible to benefit from trading paired assets. 6 When α 1 and/or α 2 are statistically different from zero and correctly signed (see point 1), the error term will be mean reverting and pairs trading will be profitable. Note that incorrect estimated signs for α 1 and α 2 signals explosive behavior in the error term (ρ > 1).
In order to describe profits from pairs strategies we define the cointegration error as:
Whenever the cointegration error reaches the model trigger so that y t on the previous period is above its long-term level, there will be an arbitrage opportunity which requires that the investor shorts y t in the same amount as the replicating portfolio (constructed with asset x t ) in order to profit from pairs strategies. Profits from this strategy may be defined as:
where Π t are measured in ¿, y t and x t represent equity prices in ¿, and M is the amount invested (in ¿). Portfolio replication is defined in terms of price levels (and not returns) and the delta or hedge ratio for a short position in asset y t will be γ 1 implying that γ 1 units of asset x t are acquired to replicate the value of asset y t . Portfolio allocations are therefore determined according to the regression coefficients of the cointegration relationship.
Substituting the result in Equation (4), we get :
From Equation (6) we can write :
Profits are therefore negatively related to error persistence so that a more stationary the error term leads to higher pairs trading profitability. When ρ > 1, the cointegration spread is explosive and profits become negative.
When z t−1 > 0, asset y t is overpriced in period t − 1. This indicates that in time t as previously specified, under VECM dynamics, α 1 must be negative, and α 2 positive as they move to restore equilibrium. Therefore we have:
where
In this framework, expected theoretical profits from pairs strategies are always positive.
Profits are increasing in (H) and in the size of arbitrage opportunities as reflected in the cointegration error. Whenever H = 0 there is no profitability from pairs trading strategies.
Profits can also be related to the total number of participants. When the total number of market participants is zero N x = N y = 0 profitability becomes also zero. If N y = 0 and
From equation (9) we have that ∆x t = 0 so pairs trading profitability wil be defined by
Note that profitability in this case becomes independent of the elasticity of demand for pairs trading and the number of participants in the two markets. The same applies to the analogue case N x = 0 and N y > 0 then α 1 = 0 , 1.
Threshold design for the cointegration error
The trading algorithm dictates that arbitrage opportunities will be exploited when z t exceeds a given threshold value T V . Under these circumstances the general principle is applied. (2005) in that we define the threshold value in terms of the amount of volatility (σ) away from the mean. However we exploit the model-based result relating lower persistence to higher profitability as outlined in Equation (10) to define the calibrating parameter of the trading trigger. Using the results underlying Equation (5) we propose ρσ = (1 + α 1 − γ 1 α 2 ) σ as the model threshold.
Therefore the calibration parameter ρ measures the number of standard deviations of z t from its mean that triggers a trade. In this way we link the model threshold to the persistence of the error term so that more persistent errors require a higher threshold. Under this framework a trade will be triggered when z t >ρσ and unwound when the long-run level is restored so that z t ≤ρσ. Note that from Equations (2) and (4) The threshold is also linked to pairs trading profitability as underlined in Equations (10) and (11). The link between mean reversion and profitability has been discussed in the literature by Kanamura et al. (2010) who report an empirical link between them for spread trading in the gas market.
Portfolio replication
Portfolio replication requires determination of price leadership in the context of price discovery. In this framework the dominant price is used to replicate the value of the follower. Price discovery measures the contribution of cointegrated assets to reveal information regarding a common factor that measures fundamentals. 7 It can be shown from VECM in (2) − (4), that the contribution of assets y t and x t to price discovery is:
Following the FFG framework the common factor is defined as:
If new information from both markets is incorporated into the common efficient price,
Under the extreme case where α 1 = 0, the price discovery metrics become P D y = 1 and P D x = 0 then there is a predominance of asset y t in the price discovery process.
8 If α 2 = 0 then we have P D x = 1 and P D y = 0 so that there is a predominance of asset x t in terms of price discovery. Price discovery is exploited so that the leading asset is used in this model to replicate the value of the follower. Equations (13) and (14) demonstrate that price discovery relies on the relative number of agents in both markets which defines the relative speed of mean reversion.
Cointegration and price discovery
In this paper we focus on the European equity market in order to identify cointegration and potential profitable opportunities underlying pairs trading strategies. We consider companies included in the STOXX Europe 600 index. Given that the STOXX Europe 600 Index represents large, mid and small capitalization companies across 17 countries of the European region we restrict the analysis to those corporates that are located in the Eurozone such that their prices are quoted in euro currency. The selected sample consists of 292 companies 7 See Hasbrouck (1995), Gonzalo and Granger (1995), and Lehmann (2002) . 8 Predominance in this context implies that the common fundamental factor is driven solely from the dominant price.
across 10 countries of the European common currency area.
In what follows we perform a cointegration analysis to identify pairs that converge to a long-term relationship over time. The finding of cointegration between two equity prices implies that they measure a common underlying factor reflecting market fundamentals as underlined in Equation ( (11), and Oil & Gas (11). The model presented in Section 2 demonstrates that the mechanism behind cointegration lies on the existence of an underlying common efficient price. Our empirical analysis is based on the VECM specified in Equation (4). Econometric details of the estimation and inference of (4) can be found in Johansen (1995) and Juselius (2006).
We start by performing an Augmented Dickey-Fuller test as unit roots are a necessary condition for cointegration. We fail to reject the null hypothesis of a unit root for all price series analyzed. We perform the Johansen cointegration test using a rolling-window approach within a given industry at the 5% significant level. Specifically, we use a three-year window from t to t + 3 (estimation period) to identify cointegrated pairs and, for each selected pair, estimates of the cointegration vector in the VECM are obtained. The selected pairs and resulting estimates are then applied to trading implementation (see the detailed description in Section 4.1) for the next six-month window from t + 3 to t + 3.5 (trading period). This procedure is repeated through the remaining sample period. This leaves us, for instance, with the second estimation window from t + 0.5 to t + 3.5, which is followed by the trading window from t+3.5 to t+4. Given that not all companies have been listed at the first sample date, January 1st, 2000, the starting date of a possible pair is chosen so that transactions are available on both corporates considered. The resulting paired equities are tied via a long-run arbitrage relationship under the imposed restriction that the error term is stationary. Paired equities are in this sense close substitutes, and they tend to move in synchrony.
Once cointegration relationships are estimated, we investigate the lead-lag relationship for each pair to determine which asset dominates the price discovery process. estimate of α 2 is positive under all percentiles. Results of α 2 also suggest that it is not significantly different from zero in 80% of the estimations. This implies that there is an asymmetric lead-lag relation in 80% of the paired corporates. For the remaining 20%, both assets contribute to price discovery. However, the general result is that there is a dominant asset (x t ) relative to its matching partner (y t ) in terms of price discovery, and thus the follower (y t ) does all the adjustment to restore the long-term relation. Note that this result comes by construction given that the leading asset (x t ) is used to replicate the follower (y t ).
Effectively Johansen cointegration estimates are obtained in a context in which the follower (or the dependent variable) is set to be explained by the leader which acts as the independent variable. The existence of cointegration allows using Maximum Likelihood estimators of the cointegrating relation to build our portfolio strategy, instead of OLS regressions as widely the sensitivity of one asset to its matching partner and is in essence the hedge ratio in our pairs trading strategy.
Profitability of pairs trading
Model-based pairs trading strategies
In this section, we illustrate the proposed pairs trading mechanism presented in Section 2, based on the existence of cointegration. The trading mechanism is described as follows:
13 see for instance Schaefer and Strebulaev (2008) and Kapadia and Pu (2012) .
14 Estimated values of γ 0 can be provided upon request.
An arbitrageur opens a long-short position on the day following departure, when the price spread hits the model-derived threshold, denoted as (1+α 1 −γ 1 α 2 ) units of standard deviation calculated from historical spreads. The initial position is then unwound one day later when price reversion eventually occurs, or is forced to close at the end of a 6-month trading period if no convergence takes place. In other words, we trade according to the rule that delays the opening/close of a position by one day, and the maximum trading horizon is six months. After a pair has completed a round-trip trade, it will be subject to the identical trading rule again. As previously discussed, this paper applies a three-year rolling-window approach. This results in a series of cointegration coefficients and speed of mean reversion estimates. These estimates are used to determine pricing errors to design the following six- This trading mechanism, which longs the underpriced asset and shorts the overpriced one simultaneously, is implemented according to the sign of the estimated alpha coefficients.
Theoretical profits are always positive and defined by return differentials as specified in
Equations (8) and (9). Our pairs selection algorithm is driven by cointegration, which implies that profits generated by the proposed strategy are expected to be stationary. We therefore identify mean reverting spread portfolios that deliver stationary profits. Stationarity in this context implies that the fundamental related risk is hedged. As stated in the model, cointegration guarantees that short-lived price deviations revert towards the long-run level, such that the slow adjustment process can be exploited to make profits. With this trading 
The baseline results
We analyze the performance of pairs trading strategies for each industry, under the "persistence calibrated" standard deviation trigger. Risk and return characteristics are examined at the portfolio level. In addition to forming equal-weighted portfolios, we calculate buyand-hold portfolio returns, following Gatev et al. (2006) . This approach takes into account compounded returns, known as value-weighted portfolio returns. The return computation under this approach is thus based on daily marked-to-market returns of individual pairs. However it is not supported by the work of Kondor (2009) arguing that arbitrageurs' total return is negatively skewed. Sharpe ratios are reported in the last column to evaluate the risk-adjusted portfolio performance. 17 We find that half of these industry portfolios deliver a Sharpe ratio higher than 0.50. We contend that such impressive performance is clearly associated with the sector that gathers a larger number of companies. Our results therefore demonstrate that the proposed strategy is profitable for every industry categorized under STOXX Europe 600, and therefore the existence of positive profits is not industry dependent. The last row of Panel A (Table 3) , examines the overall pairs trading performance taking together all pairs selected within industries, thus allowing investment on all tradable opportunities. The average annual return is close to 6.0% for this all-pair portfolio. More impressive is the annualized Sharpe ratio of 0.85. This arises due to the large gains arising from diversification across pairs that trade in different industries as can be seen in the reported volatility of 6.81%. In line with our findings from industry portfolios, cointegration delivers positively skewed portfolio returns.
We report in Panel B of Table 3 the results of value-weighted portfolios. Results are consistent with those presented in Panel A. Value-weighted portfolios however deliver higher Sharpe ratios and lower mean returns. The decrease in mean returns can also be found in Chen et al. (2012) . The improvement in Sharpe ratio estimates is documented for most of industry portfolios as well as the all-pair portfolio. This arises as a consequence of lower return volatility. Value-weighted portfolios, are by construction less volatile than equal- 16 The negative skew in the Health Care industry may be due to the high downside risk arising from high investment in R&D. 17 Simplified Sharpe ratios assume zero returns on the risk-free asset exploiting the fact that interest rates have been at historical minimum levels over our sample period. All Sharpe ratios reported in the paper are simplified under this assumption.
weighted portfolios as weights in time t are defined according to lagged returns. The all-pair portfolio earns on average an annual excess return of 3.35%, and a Sharpe ratio of 1.03.
The latter represents an improvement of 21% when compared to the equal-weighted all-pair portfolio. Note that this finding is consistent with the literature (See Plyakha et al. (2012) and Pae and Sabbaghi (2015) ).
To unfold the economic significance from arbitrageurs' perspective, we consider the cumulative portfolio returns over our sample period. Figure 2 plots the cumulative profits on the equally weighted industry portfolios and the all-pair portfolio. These reinvested payoffs depict the evolution of an investor´s wealth. It is observed that these portfolios earn cumulative profits of different magnitudes and, more interestingly, their returns exhibit various patterns. The baseline analysis above concludes that our pairs trading strategy is profitable. The robust performance confirms price convergence after the onset of a pricing anomaly, demonstrating while pricing errors are persistent, they eventually mean revert. The next step is to introduce transaction costs and assess the impact on portfolio returns.
Given that closing price data are used to compute abnormal returns, there is an identical probability of being at bid or ask. We impose corrections of these profits to reflect that, in practice, we long at the ask and sell at the bid prices. In other words, we have to subtract trading costs to get an estimate of profits net of transaction costs. To this end, we collect bid and ask prices for each equity pair. Because we long the loser and short the winner asset, transaction costs will reduce profits by one-half of the sum of the bid-ask spreads on both assets every time there is a change in position in the pair. Results reported in Table 3A reveal that, after accounting for transaction costs, Sharpe ratios and mean returns remain positive in all cases.
Price discovery, relative turnover and portfolio replication
Equations (13) - (14) show that price discovery is defined in terms of the relative number of participants in paired markets. Proxies for the relative number of participants can be found on relative liquidity measures. Another approach in the literature has been to address the relative number of analyst or informed traders following a given firm (see Brennan et al. (1993) ). In this paper we follow FFG and use liquidity measures for this purpose. The relationship between price leadership and trading volume has been extensively addressed in the price discovery literature (see Hasbrouck (1995) and references therein). It has also been discussed in the asset pricing literature. Chordia and Swaminathan (2000) and Llorente et al. (2002) show that trading volumes deliver valuable information about future price movements and exerts impact on the speed of adjustment of individual stocks (see also Admati and Pfleiderer (1988) ). The underlying presumption is that stocks that trade with higher liquidity respond faster to common information and become information leaders.
Stocks that trade with low liquidity are therefore followers as they exhibit lower speed of price adjustment to common information. Variations in relative liquidity in both markets are therefore reflected on the changes in price discovery.
In what follows we check whether the result of price discovery in the theoretical model is confirmed empirically. We use for this purpose turnover as a proxy for market liquidity.
Turnover is defined as the ratio of the number of shares traded in a day to the number of shares outstanding at the end of the day. Our interest is to see whether price leadership is associated with higher turnover. Specifically, we check for every pair screened out over each trading period, and calculate the percentage of them meeting the condition that the leader's average turnover is higher than the follower. Figure 3 shows the results. We can see that price leadership is associated with higher turnover for more than half of the pairs. This ratio is even higher for Financials (63%), Industrials (64%), Health Care (61%), Telecommunications (61%), and Oil & Gas (64%).
We now proceed to demonstrate the importance of price leadership determination for portfolio replication design. For this purpose, we repeat the trading exercise in Section 4.2 using the follower to replicate the leader. We denote these portfolios as "follower" portfolios. For comparison, Table 4 summarizes the excess returns for pairs portfolios which are present in Table 3 . From Panel A we find that average returns of industry portfolios are lower compared to the baseline results. The same observation is applied to the performance metrics of Sharpe ratio. Comparing the all-pair portfolio return estimates under the equalweighted method, the baseline portfolio yields a mean return which is 1.42% higher than that reported for the "follower" portfolio. The baseline portfolio also outperforms its "follower" counterpart in terms of Sharpe ratio, which is 0.85 for the baseline and 0.74 for the "follower".
These findings are robust to the use of value-based weights as reported in Panel B of Table   3 and 4 respectively.
Results therefore confirm that the theoretical implications on price leadership of the model exposed in Section 2 are important to maximize pairs trading profitability.
A comparison of performance: Model-based trading algorithm versus GGR (2006)
The purpose of this section is to compare the results of the proposed strategy with the results arising from the trading algorithm introduced by Gatev et al. (2006) , acknowledged as the benchmark work in the pairs trading literature. GGR identify pairs by minimizing the sum of squared spreads between two normalized price series in a 1-year period. Although both GGR and our trading strategy exploit mean reversion in search of profitability, the seminal work of GGR is based on non-parametric past return correlation. Our strategy instead follows a model-based trading algorithm. To derive results under GGR methodology, we identify pairs within each of the ten industries and rank them by distance. In order to make the two trading algorithms comparable, we set the number of pairs included in an industry portfolio to be the same as the number of cointegrated pairs under our method, for every trading period. In other words, we guarantee that the portfolio size is identical under two different selection methods. The objective is to remove any diversification effects arising from sample size.
Following GGR, a trade is initiated if the prices diverge by more than two standard deviations. In Panel A of Table 5 , we summarize the return performance delivered by GGR´s equally weighted portfolios. Compared to the baseline results in Table 3 , the mean portfolio return associated with our strategy is larger in all cases than that associated with GGR. The magnitude of return gap is between 1% and 3% per annum. On the basis of volatility, both strategies perform closely. In terms of the risk-return tradeoff, we find that our model-based industry portfolios yield Sharpe ratios that exceed GGR portfolios in seven out of ten cases. The magnitude of outperformance from our methodology is also significant. Furthermore, our all-pair portfolio, gains an annualized mean return which is 2.4% higher than that reported for GGR, and generates a Sharpe ratio of 0.85, ten units higher than 0.75 achieved under GGR. Similar conclusions are reached when we compare on the basis of value-weighted portfolios.
Panel C in Table 5 shows results under GGR for alternative trading thresholds. Specifically we look at the profitability of the 1.5 and 3 standard deviations thresholds. It is clear that the alternative thresholds underperform the commonly used 2 standard deviations and therefore out proposed algorithm. Reported results therefore demonstrate that the combination of cointegration and a persistence-linked trading trigger proposed in this framework supersedes the benchmark methodology proposed in the literature. In order to evaluate the performance of our trading trigger solely, we have analyzed profitability under the 2 standard deviation case with selection performed under cointegration. Results, which can be provided upon request, demonstrate that our persistence-dependent trading trigger delivers significantly higher profitability than the 2 standard deviation trigger used as common benchmark in the literature.
Commonality within industry groups: Firm Fundamental analysis
The theoretical framework presented in Section 2 shows that two firms that share a common factor are linked via a long-run cointegration relationship. In our baseline empirical application, shared fundamentals arise due to commonalities at the industry, regulation and geographical levels. Common fundamentals arising from such restrictions give rise to stationary errors. In this section we filter our initial sample with firm specific fundamentals to identify stronger mean reversion reflected in less persistent mispricings and higher pairs trading profitability. We follow the asset pricing literature (see Fama and French (1993) , Fama and French (1996) , and Asness et al. (2013) ) to consider a value factor measuring the long-run (or book) value relative to its current market value (BV/MV). We additionally control for the size effect using market capitalization and trading volume as proxy measures.
In particular, we sort firms within a given industry, based on each of the factors (market cap, book-to-market ratio, and trading volume), and classify them into terciles. Then within each tercile, we identify a matching partner for every firm. Note that under this restriction, the number of selected pairs is much lower than that under the baseline study in Section 4.2.
Given that firms are ranked into three groups, we are restricted to do this analysis on four industries for which the number of firms is more than 30: Financials, Industrials, Consumer Goods, and Consumer Services. Tables 6 and 7 present percentiles for coefficient estimations and pairs trading triggers. While coefficient estimations are highly consistent with the baseline estimation, the results show lower dispersion in the cointegration coefficient and higher speed of convergence due to the gain in commonality arising from firm-specific factor restrictions (note that simultaneous multi-factor restriction is not possible due to resulting low observations in each tercile portfolio). Table 8 The overall result suggests that the imposed additional restriction based on firm fundamentals, increases mean reversion and pairs trading performance. This is because of an improved identification of the common underlying factor. Reported results suggest superior performance under the book-to-market ratio and trading volume restrictions. This evidence can be attributed to the increased commonality shared between paired assets. Book-tomarket ratio and volume traded are therefore relevant proxies to firm fundamental values.
Additional filtering of the initial sample on the basis of firm-level fundamentals implies stronger arbitrage forces between paired assets leading to higher stationarity and pairs trading profitability.
Conclusion
In this paper we adapt the demand and supply framework introduced by FFG to illustrate the process by which equities that share a common factor can be linked to exploit pairs trading opportunities. We derive market clearing conditions under a demand schedule including an arbitrage component and persistent cointegration errors. The dynamics of paired equity prices are represented via an economically meaningful VECM framework where convergence to the long-run relationship allows profits from pairs trading. Our model requires finite elasticity of demand for pairs trading strategies and exploits price discovery so that the leading asset can be used to replicate the follower. Pairs trading profitability is linked to the speed of mean reversion which is dependent on the elasticity of demand for pairs trading strategies and the total number of market participants. Based on this presumption, the presented framework derives a persistence-dependent trading threshold used to trigger pairs trading. In an extensive out-of-sample exercise applied to STOXX Europe 600 equity price daily data, we show that: (a) the use of price leadership for portfolio replication is important 
A theoretical supply and demand model for pair trading dynamics
Assume that a trader has identified two financial instruments whose prices y t and x t are cointegrated. The underlying long-term stationary relationship between both markets can be specified as:
This implies that the value of asset y t can be replicated by a portfolio using asset x t .
Portfolio replication will be established on the basis of price leadership. z t represents the stationary arbitrage opportunities in two cointegrated markets arising from market imperfections. A trader exploits temporary mispricings from equilibrium by pursuing pairs trading strategies that short sell the outperforming asset and buy the underperformer. We consider now the aggregate market demand function for all agents who perform pairs trading strategies taking simultaneous positions in y t and x t in period t. This is represented by:
where H is the elasticity of demand for pairs trading strategies. It increases when transaction costs are negligible, and other market imperfections decrease as vehicles for crossmarket trading improve. In the limit, markets become perfectly integrated and the elasticity H tends to infinity. When transaction costs are significant and there are market restrictions that impede inter-market trading, the elasticity of demand for pairs strategies is finite.
We assume that there are N y agents in the market for asset y t and N x agents in the market for asset x t . These investors will take positions in asset y t and asset x t as well as pursue pairs trading in the two markets:
Let Q i,t be the number of shares owned by the i th participant in period t and B i,t the bid price at which that agent is willing to hold quantity Q i,t . Then the demand function of the i th agent in the market for stock y t in period t is
with i = 1, ..., N y where A 0, is the demand elasticity, assumed to be the same for all market agents.
The demand function for agent j in the market for stock x t is
The market for stock y t will clear at the value of y t that solves,
with H 0.
The market for stock x t will clear at the value of x t such that:
Solving Equations (19) and (20) B j,t for market agents in x t , we obtain:
In what follows we derive the dynamic price relationships. This requires characterizing the model in Equation (21) with a description of the evolution of bid prices. It is assumed that immediately after the market clearing period t − 1 the i th agent in y t was willing to hold a position of Q i,t at a price y t−1 . Following FFG, this implies that y t−1 was his bid price after that clearing. We assume that this bid price changes to B i,t according to the equation
cov (e t , w i,t ) = 0, ∀i cov (w i,t , w j,t ) = 0, ∀i = j with i = 1, ..., N y and j = 1, ..., N x . Where the vector e t , w i,t , w j,t is vector white noise with finite variance.
The price change B i,t − y t−1 reflects the arrival of new information between period t − 1 and period t which changes the price at which the i th participant is willing to hold a position of Q i,t in the market y t . This price change has a component common to all market agents (e t ) and a component idiosyncratic to the i th agent (w i,t ).
The equations in (22) imply that the mean bid price in each market in period t will be 
And
We next convert Equation (24) 
Rearranging terms,
Appendix B. Empirical Results This table presents descriptive statistics of excess returns for each industry group and the all-pair portfolio. We trade according to the rule that opens a position in a pair one day after price spread diverges more than (1+α1 −γ1α2) units of historical standard deviation. Reported are the mean and median excess return (annualized), the (annualized) standard deviation, skew, kurtosis, the maximum and minimum daily excess return and (annualized) Sharpe ratio. The sample period is January 2000 to February 6th 2017. This table presents descriptive statistics of excess returns for each industry group and the all-pair portfolio. We trade according to the rule that opens a position in a pair one day after price spread diverges more than (1+α1 −γ1α2) units of historical standard deviation. Contrary to portfolios in Table 3 , the leadership is switched when establishing pairs portfolios. That is, we use the price of follower to replicate the leader in this alternative trading rule. Reported are the mean and median excess return (annualized), the (annualized) standard deviation, skew, kurtosis, the maximum and minimum daily excess return and (annualized) Sharpe ratio. The sample period is January 2000 to February 6th 2017. This table presents statistics of excess returns for industry groups and the all-pair portfolio under GGR. We trade based on the rule that opens a position in a pair one day after price spread diverges over 2 standard deviations in Panel A and B, while the same rule is applied but subject to 1.5 and 3 standard deviations in Panel C. Reported are the mean and median excess return (annualized), the (annualized) standard deviation, skew, kurtosis, the maximum and minimum daily excess return and (annualized) Sharpe ratio. The sample period is Jan. 2000 to Feb. 6th 2017. This table presents descriptive statistics of excess returns for four industry groups, controlling three different fundamental factors. We trade according to the rule that opens a position in a pair one day after price spread diverges more than (1 + α1 − γ1α2) units of historical standard deviation. Reported are the mean and median excess return (annualized), the (annualized) standard deviation, skew, kurtosis, the maximum and minimum daily excess return and (annualized) Sharpe ratio. The sample period is January 2000 to February 6th 2017. This figure shows, for each industry group, the percentage of leading assets in the price discovery process whose average trading volume is higher than the follower, over the sample period January 2000 to February 6th 2017.
